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Abstract— Stroke is one of the main causes of disabilities
caused by injuries to the human central nervous system,
yielding a wide range of mild to severe impairments that can
compromise sensorimotor and cognitive functions. Although
rehabilitation protocols may improve function of stroke sur-
vivors, patients often reach plateaus while undergoing therapy.
Recently, virtual reality (VR) technologies have been paired
with traditional rehabilitation aiming to improve function
recovery after stroke. Aiming to better understand structural
brain changes due to VR rehabilitation protocols, we modeled
the brain as a graph and extracted three measures repre-
senting the network’s topology: degree, clustering coefficient
and betweenness centrality (BC). In this single case study, our
results indicate that all metrics increased on the ipsilesional
hemisphere, while remaining about the same at the contrale-
sional site. Particularly, the number of functional connections
increased in the lesion area overtime. In addition, the BC
displayed the highest variations, and in brain regions related
to the patient’s cognitive and motor impairments; hence, we
argue that this measure could be regarded as an indicative for
brain plasticity mechanisms.
I. INTRODUCTION
The most commonly affected motor function in stroke
sufferers is the upper limbs’ motion. Functional deficit of the
upper limbs has received special attention by rehabilitation
teams because these members are related to the quality of
life of the survivors. Several techniques have been used in
the motor recovery process of the upper and lower limbs
of stroke patients, where intensive and repeated task-specific
training gives satisfactory results [1]. However, implement-
ing such techniques in a real environment and overcoming
patients’ loss of interest in repeated tasks still poses a
challenge. For this reason, rehabilitation programs based on
Virtual Reality (VR) have been proposed as alternative or
complementary therapy for motor recovery [1].
VR is able to stimulate multiple sensory systems in the hu-
man body, including forms of visual and auditory perception,
which facilitate the input and output of information. Also,
VR can be used in combination with other therapeutic in-
terventions to increase the complexity of the tasks requested
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during the rehabilitation process [2]. In [2], Cameirao et al.
presented a computer-based rehabilitation system, the Reha-
bilitation Gaming System (RGS), and assessed its usability
and acceptance by a group of stroke patients. Patients showed
significant improvements in the speed of movement of the
affected arm and in other clinical scales when compared
to stroke patients who used other complementary therapies.
However, there have been no studies yet showing the effect
in patients’ brains of the use of this rehabilitation therapy.
RGS relies on the hypothesis that a first person perspec-
tive observation of the action executed could facilitate the
functional reorganization of the brain through the mirror
neuron system (MNS). An online algorithm (Personalized
Training Module) adjusts the difficulty of the game to assure
an optimal ballance between the challenge to improve and
the possible frustration of persistent errors. The algorithm is
based on Yerkes-Dodson’s theory of human motivation ([3],
[4]), which argues that the excitement arousal of a person
is greatest when the task is not too difficult nor too easy.
For this, the module will check if the patient’s performance
is between 60-80% of successful trials. If it is below this
range, the game’s difficulty is decreased. If it is above, the
difficulty is increased. If it is within the range, the difficulty
is maintained until the next test.
The main goal of this study was to test a rehabilitation
protocol using RGS games in one stroke patient, and to
investigate cerebral structural and functional changes using
connectivity analysis of resting state functional magnetic
resonance imaging (fMRI) data.
Functional MRI is presently the most used imaging
method to evaluate brain function. The blood-oxygenation
level dependent (BOLD) signal [6], which can serve as basis
for fMRI, is thought to reflect neuronal activity [7]. It can
be used to give a measure of brain signal fluctuations when
the individual is at rest (resting state) [8]. These signal
fluctuations, in turn, can be evaluated and compared in
different brain regions using connectivity analysis in order to
assess structure function relationships, as performed in the
present study.
II. MATERIALS AND METHODS
A. Rehabilitation protocol
A chronic stroke subject (femal, 50 years old, two years
post stroke) from the outpatient clinic of University of Camp-
inas Hospital was enrolled in this study. The patient signed an
informed consent and the Ethics Committee of the University
of Campinas approved this project. At recruitment, this
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patient presented a moderate hemiparesis on the right upper-
limb, with a Medical Research Council (MRC) score of 2 for
shoulder abduction and elbow flexion, and 1 for fist flexor.
She was submitted to the conventional physiotherapeutic
treatment combined with the VR approach. This consisted
of 24 one-hour sessions, two times per week; each session
composed by: 20 min of VR therapy, 20 min of conventional
physiotherapy and, again, 20 min of VR.
B. fMRI data acquisition & preprocessing
The patient was scanned on a 3.0 T magnetic resonance
imaging device (Philips Healthcare, Best, The Netherlands)
in three distinct moments: before the first therapy session,
after 12 sessions and after 24 sessions. In addition, functional
and neuropsychological evaluations were also performed
in each visit. The MRI dataset included one T1-weighted
anatomical image (isotropic voxel of 1 mm3, repetition time
(TR) = 7 ms, echo time (TE) = 3.2 ms, image matrix
= 180x240x240) and one T2*-weighted functional image
(voxel size = 3x3x3.6 mm3, gap = 0.6 mm, TR = 2 s, TE =
30 ms, image matrix = 80x80x40, 240 volumes).
Preprocessing was performed in the UF2C toolbox [9] that
runs within Matlab and is based on the SPM12 toolbox (v.
6906, Wellcome Trust Center for Neuroimaging, London,
United Kingdom, http://www.fil.ion.ucl.ac.uk/spm). Images
were reoriented to set the anterior commissure as the origin
of the space and realigned to correct for head movements
using rigid body transformations. Functional images were co-
registered to the structural one, and the latter was segmented
into white matter (WM), gray matter (GM) and cerebrospinal
fluid (CSF). All images were normalized to the Montreal
Neurological Institute (MNI) template. Additionally, func-
tional images were convolved with a Gaussian filter (FWHM
6 6 6 mm3) and linearly detrended. Movement parameters
and WM and CSF signals were regressed out from the BOLD
signal. Finally, images were band-passed using low- and
high-pass filter cut-offs of 0.1 and 0.008 Hz, respectively.
C. Graph analysis
To study the brain’s FC, a graph was defined based on the
264-regions atlas proposed by Power [10], with each region
of interest (ROI) being centered at the atlas coordinates. To
estimate the ROI time series, the contributions of the 27
nearest neighboring voxels were averaged.
A 264x264 correlation matrix was defined from the Pear-
son correlation scores by pairwise calculations among each
ROI pair. Only the 20% largest values were maintained and
further binarized, yielding the graph’s adjacency matrix, A
(with this approach, all adjacency matrices presented the
same total number of links). Therefore, each matrix element
aij indicated whether there was a functional connection be-
tween any two nodes i and j. From this matrix, the following
metrics, which define the graph’s topology, were computed:
degree, clustering coefficient and betweennes centrality.
The degree (K) for node i, ki, indicates its number of
connections [11]
ki =∑
j
ai j. (1)
The clustering coefficient (C) for node i, Ci, is a measure
of to what extent nearest-neighbors nodes are connected to
each other [11]. Mathematically, C, normalized to the range
[0,1], can be calculated as:
Ci =
2∑ j∑l ai jail
ki(ki−1) . (2)
The betweenness centrality (BC) for node i, BCi, measures
the importance of that node within the network in the context
of information flow. It can be regarded as a measure of how
strongly a node acts as an intermediator for the communi-
cation between any two nodes within the graph: the higher
its BC, the larger is its importance for this communication
intermediation. Mathematically, it can be calculated as [12]:
BCi =
2
(N−1)(N−2) ∑i6= j 6=k
l jk(i)
li j
. (3)
In Equation 3, N represents the number of nodes; there-
fore, the multiplicative factor normalizes BCi in the range
[0,1]. lij represents the total number of minimum paths going
from node i to node j, and ljk(i) expresses the number of those
paths that necessarily go through node i.
Relative variations in the aforementioned metrics across
fMRI acquisitions were computed according to Equation 4:
∆M(i)mn =
M(i)n −M(i)m
M(i)m
, (4)
in which M indicates one of the graph metrics previously
mentioned, and m and n refer to one of the three fMRI
acquisitions (m 6= n).
The data analysis methodology is summarized in Fig. 1.
III. RESULTS AND DISCUSSION
A. Clinical evaluation
All clinical/functional variables evaluated at this point im-
proved after therapy with RGS, as expected, given previous
results with this technique [2]. The MRC scores for shoulder
abduction and elbow flexion increased from 2 to 3, and for
fist flexor from 1 to 2. The Fugl-Meyer scale showed an
increase in motor function (20 to 33), a decrease in pain,
represented in the scale by the raise of the punctuation,
(2 to 10) and an overall increase in punctuation (52 to
75) considering all domains of the scale, which attests to
improvement in the recovery [5].
B. Functional connectivity
Fig. 2 shows the FC links and the graph nodes, displaying
the connections only on the vertices over the lesion area. In
this figure, the percentage value above each graph represents
the degree of that region relative to that of the whole graph
(which was constant, since we maintained the same number
of connections for all fMRI sessions). We can see from this
figure that the number of FC links in the lesion area increases
from the first to the last fMRI session, as shown also by the
respective percentage values. The increase in the number of
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Fig. 1. Steps for graph analysis. fMRI time series are correlated pairwise to compute their similarity, defining a connectivity matrix. This matrix is
thresholded, maintaining only the top 20% strongest connections, yielding the graph’s adjacency matrix, from which the metrics are computed. Furtherly,
colormaps are generated based on the calculations defined in Equation (4).
Fig. 2. FC links for the nodes in the lesion region.
links in the lesion area reflects an increase in synchronicity
among the BOLD time series of the ROIs in this region.
Since results from Fig. 2 suggest a change in the dis-
tribution of FC links, we further investigated how these
connections were redistributed over the course of the three
fMRI sessions. In particular, we studied how this affected the
metrics K, C and BC over the brain cortex. Graph metrics
variations were calculated according to Equation (4), and the
results are shown in Fig. 3 as color maps over the cerebral
cortex.
Regarding K, the increase in the number of connections
on the lesion area shown in Fig. 2 is reflected as an increased
degree on the ipsilesional (IL) hemisphere (A, B and C for
the degree portion of Fig. 3). Moreover, a visible increase
in ∆K on the contralesional (CL) hemisphere occurred only
from the 1st to the 2nd session (A).
For C, a similar behavior can be observed: the most
significant increases occur on the IL hemisphere, with values
on the CL site remaining about the same. As for K, the
most highlighted areas include portions of the pre and post-
central gyri, related to the somatic sensorimotor functions.
Nevertheless, C changes occurred within a much smaller
range (about 5 %) than those for K (about 20 %).
Similarly, BC displayed the most significant increases on
the IL hemisphere, with some situations (such as B, from
2nd to 3rd session) practically not displaying significant
variations on the CL site. Also, there are no meaningful BC
decreases between any combination of fMRI time points (A,
B or C). Moreover, CL minor increases can be observed for
all situations. In addition, the largest increases can be seen in
regions at the proximity of the lesion and sites such as the pre
and postcentral gyri (as for the other metrics), related to the
processing of somatosensory and somatomotor information,
respectively. These findings suggest that the increase in BC
may be related to the patient’s motor function improvement,
as suggested by the clinical scales.
Comparing the three graph metrics changes, we see that
BC displayed the largest variations. Also, the main BC
changes are located in brain sites related to the patient’s
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cognitive and motor deficits. Therefore, we argue that BC
could be an indicative of brain plasticity mechanisms follow-
ing stroke. Nonetheless, general conclusions regarding this
remark still require further and more thorough investigations.
IV. CONCLUSIONS
In this case study, we investigated how degree (K), clus-
tering coefficient (C) and betweenness centrality (BC) of a
stroke patient’s brain graph, submitted to a VR rehabilitation
protocol, varied over the cortex for three fMRI evaluations.
Overall, we found that metrics increases were generally
found on the ipsilesional hemisphere; particularly, BC dis-
played the largest changes. Moreover, we also observed that
FC links tended to increase in the lesion area overtime,
which may be related to plasticity mechanisms following
stroke. Likewise, the clinical variables show us a gain of
functionality and hence of independence on daily activities.
Although these very first results will not allow us to
categorically assert that the observed FC changes are due to
the RGS training, our work sets an analysis pipeline for this
type of study. Forthcoming group analyses may allow us to
elaborate more general conclusions and to evaluate the risen
conjectures concerning BC as a brain plasticity indicator.
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Fig. 3. Graph metrics relative changes between fMRI sessions: (A) 1st
to 2nd ; (B) 2nd to 3rd ; and (C) 1st to 3rd . UV, CL and IL stand for
‘upper view’, ‘contralesional hemisphere’ and ‘ipsilesional hemisphere’,
respectively. From top to bottom, the displayed metrics are K, C and BC.
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